Motivation: Pathway association analysis has made great achievements in elucidating the genetic basis of human complex diseases. However, current pathway association analysis approaches fail to consider tissue-specificity. Results: We developed a tissue-specific pathway interaction enrichment analysis algorithm (TPIEA). TPIEA was applied to two large Caucasian and Chinese genome-wide association study summary datasets of bone mineral density (BMD). TPIEA identified several significant pathways for BMD [false discovery rate (FDR) < 0.05], such as KEGG FOCAL ADHESION and KEGG AXON GUIDANCE, which had been demonstrated to be involved in the development of osteoporosis. We also compared the performance of TPIEA and classical pathway enrichment analysis, and TPIEA presented improved performance in recognizing disease relevant pathways. TPIEA may help to fill the gap of classic pathway association analysis approaches by considering tissue specificity. Availability and Implementation: The online web tool of TPIEA is available at https://sourceforge. net/projects/tpieav1/files. Contact:
Introduction
Genome-wide association studies (GWAS) have made great achievements in susceptibility gene mapping for human complex diseases. In spite of its great power, GWAS detect association signals at each individual genetic locus and focus only on several top significant genetic variants. After multiple testing correction, GWAS are likely to miss the causal variants that confer moderate genetic effects separately, but a considerable portion overall (Wang et al., 2007) . Moreover, it is well documented that genes mostly function by coping with each other rather than working alone (Cordell, 2009) . The susceptibility genes identified by GWAS are often functionally unrelated, providing limited pathogenetic information for complex diseases. It is increasingly recognized that joint analysis of multiple functionally related genes is able to provide additional genetic information, which is usually difficult to detect using single locus GWAS (Cantor et al., 2010; Moore et al., 2010) . Motivated by the gene set enrichment analysis (GSEA) of microarray data (Subramanian et al., 2005) , GWAS-based pathway enrichment analysis was proposed (Wang et al., 2007) and successfully applied to multiple GWAS of human complex diseases (Chen et al., 2010; Zhang et al., 2010; Hou et al., 2014; Ambalavanan et al., 2015; Bouzigon et al., 2015; Brossard et al., 2015; Li et al., 2015) . Through integrating the association evidences of multiple functionally related genes (such as gene ontology and biological pathways), this approach improves GWAS' ability to identify the causal genes with modest genetic effects. It is well known that the precise actions of genes are largely dependent on their tissue contexts (Barrett et al., 2015) . Human complex diseases generally result from the disordered interplay of tissuespecific processes (Lage et al., 2008) . Causal pathways actually exert their pathogenetic effects in specific tissues and organs. However, current GWAS-based pathway studies usually do not account for the influence of tissue-specificity. Integrating prior tissue specificity information into GWAS-based pathway studies has the potential to increase the power of pathway studies of complex diseases. To the best of our knowledge, no analysis tool has been developed for identifying tissue-specific causal pathways for complex diseases using GWAS summaries by now.
In this study, we proposed a tissue-specific pathway interaction enrichment analysis (TPIEA) approach. To illustrate the performance of TPIEA, we applied it to publicly available GWAS summaries of osteoporosis (Estrada et al., 2012) . TPIEA identified a set of pathways, which had been demonstrated to be involved in the development of osteoporosis.
Materials and methods

Tissue specific gene interaction map
The tissue-specific gene functional interaction networks generated by Greene et al. (2015) were used to define the gene pairs with interaction effects in this study. The tissue-specific gene functional interaction networks were driven from 987 genome-scale data sets, which encompassed approximately 38 000 conditions from an estimated 14 000 publications including both expression and interaction measurements. The large data were integrated by automatically assessing each data set for its relevance to each of 144 tissue-and cell lineage-specific functional contexts. Other tissue-specific interaction data sets can also be used by TPIEA, for instance the integrated interactions database (IDD). Being different from above tissue-specific gene interaction networks, IDD provides experimentally detected and computationally predicted tissue-specific protein-protein interactions, covering 6 species (including human) and up to 30 tissues per species (Kotlyar et al., 2016) .
Specific for this study, bone-specific top edge gene functional interaction networks were downloaded (http://giant.princeton.edu/ download/). A total of 146 238 gene pairs with experimental evidence supporting bone-specific functional interactions were used for subsequent analysis.
GWAS summaries of Caucasian and Chinese bone mineral density
To illustrate the performance of TPIEA, we applied TPIEA to four published GWAS summary data sets of bone mineral density (BMD). First, the Caucasian data from GEFOS2 BMD GWAS summary datasets of Karol Estrada et al. (2012) were analyzed by TPIEA. Karol Estrada et al. performed a large-scale genome-wide association meta-analysis of BMD at lumbar spine (LS) and femoral neck (FN) . This data set integrated 17 published GWAS using the populations across North America, Europe, East Asia and Australia (nFN-BMD ¼ 32 961, nLS-BMD ¼31 800). The BMD values of LS and FN were measured using dual-energy X-ray absorptiometry following standard manufacturer protocols. Genome-wide association analysis of FN-BMD and LS-BMD was conducted under an additive genetic model, adjusting for sex, age, weight and population stratification principal components as covariates (Estrada et al., 2012) .
Our previous Chinese GWAS summary data sets of BMD were then analyzed by TPIEA for comparison (Deng et al., 2013) . Totally, 1627 unrelated Chinese Han subjects from Xi'an city and Changsha city of China were recruited, including 802 males and 825 females. The BMD of FN and LS was measured with a Hologic 4500W dual-energy X-ray absorptiometer (DEXA) scanner (Hologic Corporation, Waltham, MA, USA). Genome-wide single nucleotide polymorphism (SNP) genotyping was conducted using Affymetrix Genome-wide Human SNP Array 6.0 (Affymetrix, Santa Clara, CA, USA). Genome-wide association analysis was conducted using PLINK software under an additive genetic model adjusting for sex, age, weight and population stratification principal components as covariates (Purcell et al., 2007) .
Tissue-specific pathway interaction enrichment analysis
The Kolmogorov-Smirnov-like running sum statistic is applied here (Wang et al., 2007) . The analytical procedures are detailed as follows ( Fig. 1): 2.3.1 Gene interaction scores Let T i denotes the score of the ith gene, which is extracted from GWAS SNP summary data. TPIEA provides multiple gene scoring approaches, including maximum SNP statistics (Wang et al., 2007) , Sidak's combination statistics (Segre et al., 2010) , modified Sidak's combination statistics (Segre et al., 2010) , principal component analysis-based 'pseudo-SNP' statistics (Yang et al., 2011 ) and Fisher's combination statistics (Peng et al., 2010) ( Supplementary  Fig. S1 ). Because a larger gene is more likely to be linked with a more significant SNP than a smaller gene, a permutation-based correction procedure is applied for dealing with varying gene sizes. Random circular genome permutations (2000 simulations in this study) are first conducted to obtain the null distributions of gene scores. For the ith gene, the gene score T i is then corrected by the mean value and standard deviation (SD) of permutated gene scores (T null i ), defined as
Where CT i denotes the corrected score of the ith gene. For each pair of genes with interaction effect, we calculate the gene interaction score
, where CT 1 and CT 2 denote the corrected scores of the two interacting genes. We suppose that there were N interacting gene pairs. All gene pairs are ranked by sorting their interaction scores S from largest to smallest (S 
Pathway interaction enrichment analysis
For a given pathway P i , we suppose there were N i interacting gene pairs. Let g m denotes the mth (m ¼1,2,. . .. N i ) interacting gene pair of pathway P i . Let IES i denotes the interaction enrichment score (IES) of pathway P i . IES i is calculated using Kolmogorov-Smirnovlike running sum statistic (Wang, et al., 2007) , defined by
where
Permutation and normalization
Random circular genome permutations of GWAS summary data are conducted to obtain the null distributions of IES i (Cabrera et al., 2012 
Where l (l ¼ 1,2,. . ..L) denotes the lth permutation. After normalization, the NIES values of different pathways with varying sizes can be directly compared with each other (Wang et al., 2007) .
P-value and FDR calculation
The P-value of each pathway is calculated as the proportion of NIES i being smaller than NIES null i . To control multiple testing problem, FDR is also calculated as
Where NIES denotes the real NIES values of all analyzed pathways, calculating from observed data. NIES null denotes the NIES values of all analyzed pathways, calculating from permutations. Specific for this study, 5000 permutations were conducted. The pathways with FDR <0.05 are considered as significant.
Simulation study
Simulation study was conducted to evaluate the performance of TPIEA and the classic GSEA approach under various scenarios considering genetic effects and pathway sizes. Each simulated data set consists of 2000 genes with gene sizes randomly varying from 20 to 200 SNPs. For genetic effects simulations, 50 genes representing a causal pathway, were randomly chosen from the 2000 genes. Within the simulated causal pathway, 20 of the 50 genes were randomly selected with known tissue-specific interactions. 10 of the 20 genes were randomly simulated as causal genes. Within each causal genes, we randomly selected three SNPs as the significant SNPs, the P-values of which were randomly generated from uniform distribution with varying significance levels, including U(0.05,0.03), U(0.03,0.01), U(0.01,0.005) and U(0.005,0.001). The P values of remaining SNPs were randomly generated from U(0.05,1). For pathway sizes simulations, we randomly generated a set of pathways with various sizes, including 30, 50, 70 and 90 genes. Significance level parameter was assigned as U(0.01,0.005). The simulating approach and other parameters were the same as above genetic effects simulations. For type I error rate simulations, the P-values of all SNPs were randomly generated from uniform distribution U (0.05,1). 2000 simulations were conducted for each scenario. The simulated pathway summary data were simultaneously analyzed by TPIEA and GSEA. The power and type I error rates were estimated as the fraction of 2000 simulations whose P-values were less than 0.05. Fig. 1 . Analytical procedures of TPIEA. In step 1, gene scores are extracted from GWAS SNP summary data. The gene functional interaction network is departed into a list of gene-gene interaction pairs. In step 2, pathway-gene annotation database and gene-based GWAS summary data are matched to define the list of gene interaction pairs for each pathway. Enrichment scores, P-values and FDR are then calculated for each pathway using TPIEA, classic GSEA and a weighted combination of TPIEA and GSEA We also evaluated the type I error of TPIEA by random circular genome permutation of Caucasian and Chinese GWAS summary data sets (implemented with R, https://www.r-project.org/). After analyzing the simulated GWAS summary data sets, TPIEA did not detect any significant pathway for FN-BMD or LS-BMD.
Results
Application to GWAS summaries of BMD
Comparison of TPIEA and GSEA
While the BMD GWAS analysis results of GSEA and TPIEA overlapped partially, our approach discovered some novel pathways for BMD (Supplementary Table S2 ). For instance, GSEA detected significant signal of KEGG FOCAL ADHESION for only Caucasian FN-BMD. In comparison, TPIEA found that KEGG FOCAL ADHESION was significantly enriched for both FN-BMD and LS-BMD in both Caucasian and Chinese GWAS samples. Additionally, simulation study was used to evaluate the performance of TPIEA and GSEA. As shown by Supplementary Figure S2 , TPIEA generally performed well than GSEA under various scenarios simulated by this study. The type I error rates of TPIEA and GSEA were close to nominal 0.05 under various scenarios.
Implementation
We developed a program, named TPIEA to implement the approach proposed by this study. TPIEA was developed by C to interface with R (https://www.r-project.org/) for data analysis. TPIEA provided three choices for pathway enrichment analysis, including TPIEA, the classic GSEA proposed by Wang et al. (Wang et al., 2007) as well as a combined approach of GSEA and TPIEA with users assigned weighting parameters. The computational cost of TPIEA program is affordable. Specifically in our case, the GEFOS2 Caucasian GWAS summaries were analyzed by TPIEA (5000 permutations) on a Dell computer with Intel Xeon CPU E5620 (2.4 GHz) and 4 GB memory. TPIEA spent 126 h to complete data analysis. TPIEA program, tutorials and illustrative examples are available at https://sourceforge. net/projects/tpieav1/files.
Discussion
Pathway association analysis works well in uncovering the associations between biological pathways and human complex diseases. However, disease associated pathways generally exert their causal effects at specific tissues and cell lines (Barrett et al., 2015; Greene et al., 2015) . Current pathway association analysis approaches fail to consider tissue-specificity, which is likely to reduce the power of pathway association analysis. To address this issue, we developed a TPIEA in this study.
We applied TPIEA to real Caucasian and Chinese GWAS summary data and identified several significant pathways for osteoporosis. For instance, TPIEA found that cell adhesion related KEGG FOCAL ADHESION pathway was significantly associated with both FN-BMD and LS-BMD in both Caucasian and Chinese. Focal adhesion is a specialized structure at cell-extracellular matrix contact points (Wozniak et al., 2004) . It has been demonstrated that polymorphisms of focal adhesion family genes were associated with osteoporosis (Zintzaras et al., 2011) . KEGG FOCAL ADHESION contains several important signaling molecules, such as the focal adhesion kinase (FAK) (Wozniak et al., 2004) . FAK plays an important role in regulating the differentiation and activity of osteoblasts and osteoclasts (Perinpanayagam et al., 2001; Tamura et al., 2001; Salasznyk et al., 2007; Ray et al., 2012) . FAK-depleted osteoclast presented reduced bone resorption in vitro (Ray et al., 2012) .
KEGG AXON GUIDANCE is another interesting pathway identified by TPIEA. Semaphorins (sema), a group of secreted membraneassociated proteins, serve as crucial cues in the KEGG AXON GUIDANCE pathway (Kang and Kumanogoh, 2013) . Recently, accumulating evidences have demonstrated their important roles in the development of osteoporosis. For example, Sema-4D-plexin-B1 axis and Sema-3A-plexin-A2 axis, two important parts of KEGG AXON GUIDANCE, were indicated to be promising therapeutic targets for osteoporosis (Kang and Kumanogoh, 2013; Negishi-Koga et al., 2011; Oh et al., 2012) . As the downstream molecular of Sema3a in KEGG AXON GUIDANCE, plexin-A2 has a pro-osteogenic function of osteoblast differentiation (Oh et al., 2012) . GWAS observed significant association between plexin-A2 and osteoporosis in postmenopausal women (Hwang et al., 2006) . Sema-4D, expressed by osteoclasts was reported to be capable of inhibiting bone formation (Negishi-Koga et al., 2011) . Sema4D-specific antibody treatment significantly prevented bone loss in ovariectomized mice model of postmenopausal osteoporosis (Negishi-Koga et al., 2011) .
Some pathways, such as KEGG ARRHYTHMOGENIC RIGHT VENTRICULAR CARDIOMYOPATHY (ARVC), KEGG ACUTE MYELOID LEUKEMIA and KEGG VIRAL MYOCARDITIS, were identified by GSEA but filtered by TPIEA. These pathways only detected by GSEA are statistically significant, but lack real biological significance for BMD. For example, ARVC pathway consists of genes involved in the development of inherited heart disease ARVC (Awad et al., 2008) . To the best of our knowledge, there is no evidence supporting its relevance with skeletal system-related traits and diseases. Integrating tissue-specific gene interaction information should improve TPIEA's ability to detect disease-related pathways.
In the simulation study, the power of GSEA appeared to decrease with increased pathway sizes. To evaluate the impact of genetic effects and pathway sizes on the performance of TPIEA and GSEA, we assigned a fixed number of causal genes to the simulated causal pathways across various scenarios. The proportions of significant genes within the simulated causal pathways dropped with increased pathway sizes therefore decreased the power of GSEA. TPIEA showed steady power under various pathway sizes in this study. Benefiting from the prior knowledge about tissue specific gene-gene interactions, TPIEA was able to focus on the interacting genes within the simulated causal pathways.
TPIEA aims to introduce tissue-specific gene interaction networks into GWAS-based pathway association analysis to elucidate the genetic basis of human complex diseases under more biological, real circumstances. Large amounts of public available GWAS summary data may be worthy of further investigation using TPIEA. The performance of TPIEA may be affected by the definition accuracy of biological pathways and gene interaction networks. It is also notable that TPIEA is based on the hypothesis that the interaction effect of a pair of genes is correlated with the major genetic effects of the two genes, which is common in practice. However, TPIEA may fail to capture real gene interactions if testing genes only have interacting genetic effects. Additionally, statistical interactions do not always indicate genetic interactions (Cordell, 2009) . In statistics, interactions are generally defined as a departure from additivity in a linear model on a selected scale of measurement. Genetic interactions mean two or more genes jointly affect phenotypes, or physical interactions among the proteins encoding by the interacting genes. Therefore, further biological studies are necessary to validate disease-associated pathways identified by TPIEA.
Multiple gene set analysis methods have been proposed. Which method is the best one for pathway analysis is still a controversial issue (Maciejewski, 2014) . Maciejewski et al. (2014) recently systematically evaluated the performance of major gene set analysis approaches under different situations. They found that gene GSEA generally performed well, and suggested GSEA as a preferable tool for gene set analysis (Maciejewski, 2014) . Given that GSEA is one of the most popular choices for pathway analysis, we used GSEA algorithm in TPIEA.
In conclusion, we developed TPIEA, a GWAS-based pathway analysis approach considering tissue-specificity. We applied TPIEA to real GWAS summaries and identified several pathways for BMD. Our approach may help to fill the gap of classic GSEA approaches.
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